Abstract: Recently, the investor sentiment measure has become one of the most widely studied areas in behavioral finance. Various measures have been developed in the literature without being to determine which measure should be used. The purpose of this study is to test their relative performance in predicting stock returns. Using a panel of investor sentiment measures, we develop a new measure of sentiment which combines direct and indirect sentiment measures. Our results show that our composite sentiment index affects the returns of stocks hard to value and difficult to arbitrage consistent with the predictions of noise trader's models. Finally, we find that our composite index has a better predictive ability than the alternative sentiment measures largely used in the literature.
Introduction
Now, the question is no longer, as it was a few decades ago, whether investor sentiment affects stock prices, but rather how to measure investor sentiment and quantify its effects.
Malcolm Baker and Jeffrey Wurgler
In recent years, the usefulness of an investor sentiment measure to predict stock market returns has been the subject of frequent inquiries. A vast number of empirical investigations with different measures of investor sentiment have been conducted. While theoretical models have early incorporated the existence of noise traders into equilibrium asset pricing (Black, 1986; De Long, Shleifer, Summers and Waldmann, 1990) , empirical evidence on the correct proxy to quantify sentiment does not provide clear findings.
Several empirical studies have attempted to measure investor sentiment. These studies identified direct and indirect sentiment measures 1 . Direct sentiment measures are derived from surveys directly asking individuals how they feel about current or future economic and stock market conditions while indirect ones represent economic and financial variables susceptible to capture investors' state of mind.
Numerous significant publications focus on the impact of direct sentiment measures on stock returns. Unfortunately, the results appear to be sensitive to the measure used. Solt and Statman [1988] and Clarke and Statman [1998] 
point out that investor sentiment compiled by Investors
Intelligence survey is not useful as a contrary indicator. They report no statistically significant relationship between the sentiment index and subsequent stock returns. Contrary to previous findings, Brown and Cliff [2005] show that excessive optimism leads to periods of market overvaluation and high current sentiment is followed by low cumulative long-run returns. De
Bondt [1993] finds that individual investors surveyed by the American Association of Individual -3-Investors forecast future stock returns. Other studies focusing on indexes of consumer confidence analyzed the impact of sentiment on the stock market. Otoo [1999] reports a strong contemporaneous relationship between the changes of consumer confidence index and the stock returns. However, by examining the causal relation among the variables, she finds that returns
Granger-cause consumer confidence at very short horizons but not vice versa. In another study, Lemmon and Portniaguina [2006] find that sentiment index as proxied by consumer confidence is able to forecast the returns of small stocks and those with low institutional ownership. More recently, Schmeling [2009] and Zouaoui, Nouyrigat and Beer [2011] confirm this finding in an international context.
The benefits of using surveys to measure sentiment are significant. Surveys take into account the psychological dimension of individuals (optimism, pessimism and neutrality) in accordance with their socioeconomic characteristics. They use standardized questions making measurement more precise and permit to have large and regular time series. Surveys also provide information about investors' state of mind even without sophisticated financial theory to validate them.
Nevertheless, surveys also have boundaries. First, sample size is often limited. Further, the socalled "prestige bias", i.e. the tendency for respondents to answer in a way that make them feel better, often impact the survey results. Sometimes even more pervasive, since most survey opinions are gradually submitted throughout a week or a month period, the results do not correspond to investor sentiment during a given point-in-time, but to a mix of recent and old opinions. Other potential problem is that survey responses are weighted equally regardless of the magnitude of funds managed by respondents. Finally, with the exception of the survey UBS/Gallup, no distinction is made between the different levels of optimism or pessimism. These limitations explain why other papers suggest using economic and market variables as implicit sentiment proxies instead.
-4- Neal and Wheatley [1998] examine the forecast power of three popular measures of investor sentiment: the level of discount on closed-end fund, the ratio of odd-lot sales to purchases and the net mutual fund redemptions. They find that closed-end fund discount and net redemptions predict the size premium better than the odd-lot ratio. Brown and Cliff [2004] scrutinize various direct and indirect sentiment indicators. They report that direct (surveys) and indirect measures of sentiment are correlated. Although indicators of sentiment strongly correlate with contemporaneous market returns, they show that sentiment has little predictive power for nearterm future stock returns. Qiu and Welch [2006] find no association between the discount of closed-end fund and the UBS/Gallup sentiment survey. However, they show that the consumer confidence index is highly correlated to UBS/Gallup sentiment survey. Therefore, they recommend the use of the confidence index instead of the closed-end fund discount as a sentiment measure. Baker and Wurgler [2006] construct a sentiment index as a linear combination of six indirect measures, namely the closed-end fund discount, the logarithm of the NYSE share turnover ratio, the number of IPOs, the average first-day returns on IPOs, the share of equity issues in total equity and debt issues and the dividend premium defined as the log difference of the average market-to-book ratios of dividend payers and non payers. They show that stocks difficult to value and to arbitrage react more strongly to investor sentiment than the other categories of stocks with opposite characteristics.
Indirect measures have a tremendous advantage over direct one, they are relatively easy to construct as they are based on simple market data. Indirect indicators are observed in real time and reflect both the power of market participant and the strength of their bullishness or bearishness. However, using economic and financial variables as investor sentiment measure also raise difficulties. First, some indirect indicators rely on controversial theoretical explanations Feldman, 2010) .
The purpose of this article is to test which of these measures is the most pertinent predictor of future stock returns. Each indicator presents advantages and limitations. Furthermore, each individual indicator could measure sentiment at a specific point in the market cycle and no during the sample period 4 . These considerations induce us to consider that the best empirical approach is to condense several imperfect indicators into an aggregate index. As a result, we build a new measure of sentiment by combining several well-known direct and indirect sentiment indicators.
Specifically, we split the raw sentiment indicator into a rational component related to economic fundamentals and a psychological component linked to investor sentiment. Using a panel of investor sentiment measures, we develop a new composite sentiment indicator and a new composite fundamental indicator. We subsequently incorporate these two indicators in a model studying simultaneously the impact of economic fundamentals and the impact of investor sentiment on the stock returns.
The analysis yields three important results. First, we find that our composite sentiment index produces a faithful reproduction of the bubbles and crashes during our study period, i.e. July Second, we show that the rational approach can be advantageously completed by the behavioral approach. In agreement with the classic theory, we report a significantly relationship between the investors' rational expectations and the stock returns. Specifically, we find that small stocks, value stocks, young stocks, unprofitable stocks and intangible stocks are less (more) vulnerable to the business cycle after periods characterized by good (bad) economic expectations.
In agreement with the behavioral approach, we find that investor sentiment impact stocks hard to value and difficult to arbitrage even after controlling for economic fundamentals and structural risks factors. Specifically, these stocks earn low (high) returns following periods when investor sentiment is high (low).
Third, we find that our measure outperforms the other popular measures routinely used in the literature (direct, indirect and other composite measures) in predicting returns of long-short portfolios based on different characteristics designed to reflect the stocks hard to value and difficult to arbitrage. This finding suggests that the strength of our composite measure comes from the simultaneous effect of the combination of both direct and indirect indicators.
The remainder of the paper proceeds as follows. The second section presents the data used to study the impact of investor sentiment on the stock returns. This section also develops our composite indicators and builds the long-short portfolios. The third section presents the methodology and analyses the empirical results obtained. The fourth section compares our composite index to other sentiment indicators usually used in the literature. The fifth section concludes the study.
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Data
The data used in this study were collected from several sources. Our study includes financial and macro-economic variables and survey results. optimistic. We also find a significant negative correlation between CEFD and FLOW; large discounts reduce the magnitude of FLOW. Consistent with the hypothesis which states that IPOs occur during periods of high investor optimism, we note a significant correlation between UMI and the variables RIPO and NIPO. Finally, we observe non-significant correlations between UMI and the variables CEFD and FLOW. Thus, the correlation between the indicators is not perfect;
this underlines the benefit of extracting the common component of the indicators.
The raw sentiment indicators encompass a psychological component related to sentiment and a rational component related to economic fundamentals. As noted by several studies 6 , investors' sentiment varies in part for entirely rational reasons related to the macroeconomic conditions.
When an investor is bullish or bearish, this could be a rational reflection of future period's expectation or irrational enthusiasm or a combination of both. To isolate sentiment consists -9-precisely of identifying investors' optimism (pessimism) although there is not a good (bad) economic reason for being so. To separate these two aspects, it is necessary to split the raw sentiment indicators in two components: a rational one, reflecting the economic fundamentals and a psychological component, reflecting investor sentiment. To this end, we regress the raw sentiment indicators on contemporaneous variables that capture the component related to the business cycle, i.e. macroeconomic "fundamentals" and we treat the residuals from the regression as our purer measure of sentiment unwarranted by fundamentals:
(1) The same procedure is applied to fundamental proxies in order to extract a composite fundamental index. The first principal component explains about 42% of the sample variance. We also find that all individual fundamental measures have similar weight and display the expected sign. The composite fundamental index (CFI) is as follows: 
b. Firm characteristics
Our sample includes all common stocks (share codes 10 and 11) currently or formerly listed on the NYSE, AMEX and NASDAQ between July 1981 and December 2010, thus avoiding survivorship bias. Stock returns and firm characteristics are from the merged CRSP-Compustat database. We form long-short portfolios based on characteristics designed to reflect the stocks that are hard to value and difficult to arbitrage. Following Wurgler [2006, 2007] , the firm characteristics considered are: size, firm's growth potential and distress, age, profitability, dividend policy, tangibility and arbitrage costs.
-12-Size is the market capitalization measured as price time shares outstanding from CRSP.
Firm's growth potential and distress characteristic include market-to-book computed as the market value at the end of the calendar year divided by the book value reported anytime during the fiscal year t. Age is the number of months since the firm's first appearance on the CRSP tapes. Profitability is captured by the return on assets defined as the earnings divided by total assets. Asset tangibility is captured by property, plant and equipment over total assets. Dividend policy is dividends per share at the ex date multiplied by compustat shares outstanding divided by book equity. Arbitrage costs are measured by idiosyncratic volatility measured by the standard deviation of residuals (over 60 months preceding month t) in the regression of individual stock returns on Fama and French (1993) risk factors 10 .
We construct long-short portfolios based on each of firm characteristics, using different k time horizons (1, 6, 9 and 12 months). In particular, we use the calendar approach of Jegadeesh and Titman [2001] to minimize the bias of autocorrelation arising from the construction of eventtime portfolios over multi-period horizons. Each month, we form three equally weighed portfolios by sorting the firms on each corresponding characteristic 11 . The bottom (top) one-third ranked stocks of each characteristic are designated as a Low (High) portfolio. We then calculate in every month of horizon k the difference between the average returns of the constructed extreme portfolios (Low-high). Finally, the holding period return for long-short portfolios is the average monthly return over the previous k months of the k differential portfolios estimated for that month.
Methodology and empirical results
We use the model of Lemmon and Portniguina [2006] to test the impact of investor sentiment on the stock returns. This model offers a considerable benefit; it allows studying simultaneously the impact of economic fundamentals (estimated using the raw sentiment index) and the impact of investor sentiment on stock returns. For this reason, it is really useful to examine the contribution of behavioral finance theory to the classical finance theory. The empirical model used is of the following form: Under the rational hypothesis, the time variation in the expected returns of the long-short portfolios is related to the economic fundamentals, as investors rationally forecast future macroeconomic conditions. There is now substantial evidence that firms on the fringe, and firms with a higher likelihood of financial distress, are more sensitive to changes in the business cycle (Chan and Chen, 1991; Jagannathan and Wang, 1996) . The conditional market betas of these firms should increase (decrease) following periods of low (high) expectations about economic fundamentals. Therefore, we expect that the coefficient β 2 will be significantly less than zero.
Under the behavioral hypothesis, the time variation in the expected returns of the long-short portfolios is affected by investor sentiment if the coefficient α 2 is significantly less than zero. The -14-proposed explanation is that investors tend to overvalue stocks that are difficult to arbitrage and hard to value when they are optimistic, and to undervalue these stocks when they are pessimistic.
However, as every mispricing is eventually corrected, excessive optimism is inevitably followed by a decrease in stock prices when markets return to fundamentals. Therefore, these difficult to arbitrage and hard to value stocks earn low (high) returns following periods when investor sentiment is high (low). The opposite outcome should be observed during period of low investor sentiment.
The regression results from the model (4) are presented in Table 3 . For panel A, the empirical results support both hypotheses. The coefficients estimates α 2 and β 2 are negative and statistically significant at conventional levels. A negative significant β 2 coefficient confirms that small stocks are more (less) vulnerable to change in the business cycles after periods of pessimistic (optimistic) economic prospects. This established finding supports the classical finance theory that small stocks fluctuate more with business cycle and have higher risk exposure to the changing risk premium. Further, consistent with the behavioral hypothesis, the significant negative α 2 coefficient shows a relationship between the lagged sentiment variable and the size premium. This result provides supports to that of Lemmon and Portniguina [2006] and reinforces the behavioral finance theory that establishes the overvaluation (undervaluation) of small cap relative to large cap when investors are bullish (bearish).
Similar results are summarized in panel B. The coefficients estimates α 2 and β 2 validate both the rational and behavioral hypotheses. The negative sign of the coefficient β 2 corroborates the main argument of the classical finance theory that the market-to-book ratio shows how vulnerable value stocks are to financial distress. Furthermore, the value premium is negatively correlated with the lagged psychological factor. Value stocks show higher (lower) expected returns than growth stocks after periods characterized by excessive investor pessimism (optimism Baker and Wurgler [2006] . We find evidence that only value stocks significantly react to investor sentiment. Specifically, we find that the excess returns on value stocks are higher after periods of low sentiment and lower following periods of high sentiment. Although our results only partially mirror those of Baker and Wurgler [2006] , they are similar to those of Kumar and Lee [2006] . These authors find that individual investors tend to overweight their portfolios with value stocks. They also show that while there was a strong correlation between investor sentiment and the returns of value stocks, the relationship between investor sentiment and growth stocks is weak.
In panels C, D and E, the returns of the long-short portfolios are significantly and negatively correlated with the lagged economic fundamentals. The coefficients β 2 are also negative although not significant in panels F and G. In all the panels, evidence indicates a significant negative relationship between the sentiment factor and the future portfolio returns. This last result supports the hypothesis that investor sentiment is an important factor in the return generating process of common stocks. As shown in table 3, the incremental adjusted R 2 due to the addition of the variable sentiment range from 3.1 to 5.9%.
-16-To assess the robustness of our results, we run regressions in which we allow the market betas to vary directly with other fundamental variables usually used in the literature to predict stock returns. In addition to the composite fundamental index, we include the dividend yield on the market (DIV), the default spread (DS) and the three-month treasury rate (INT). We also include the premium on a portfolio of small stocks relative to large stocks (SMB), the premium on a portfolio of high book-to-market stocks relative to low book-to-market stocks (HML) and the premium on a portfolio of stocks with high past returns relative to stocks with low past returns (UMD) 14 , as control variables. To do so, we run the following model 15 : show that the variable CSI remains significant with the expected negative sign even after controlling for traditional variables and structural risk factor. This results suggest that the predictive power of the variable CSI is unrelated to time-varying expected returns or economic cycles. Due to the addition of the variable sentiment, the incremental adjusted R 2 increases from 2.9 to 5.1% 16 . Additionally, the large majority of the coefficients estimates for the indicator CFI are negative and significant at the conventional level. This finding is thought-provoking and suggests that our aggregate fundamental index is a better candidate to forecast stock returns than other fundamental variables usually used in the literature.
Overall, the rational and behavioral hypotheses are both validated by our results 17 . We find that small stocks, value stocks, young stocks, unprofitable stocks and intangible stocks are less (more) vulnerable to the business cycle after periods characterized by good (bad) economic expectations. Our results also show that periods characterized by excessive investors' optimism (pessimism) are followed by low (high) returns for stocks difficult-to-value and hard-to-arbitrage.
Comparing the relevance of sentiment indicators
To measure investor sentiment we developed a composite index that combines direct and indirect sentiment indicators. This index was preferred to using exclusively a direct or indirect sentiment measure. Is our composite indicator is more relevance than the alternative measures used in previous studies? This section scrutinizes the relevance of our synthetic sentiment index.
One way to operate is to compare the results obtained in the previous section with those obtained on the basis of an alternative sentiment measure. To do so, we re-estimate the model (4) using some popular sentiment measures usually used in the literature and compare findings with those reported above. Specifically, we contrast our indicators with a set of direct, indirect and composite indicators. For the sake of brevity, we present only the coefficient estimates (β 2 ) and (α 2 ) respectively assessing the rational and the behavioral hypotheses.
• The Composite Sentiment Index vs. direct measures First, we compare our composite sentiment index to each of the direct measures used in its construction, i.e.: the University of Michigan consumer confidence index (UMI) and the Investors Intelligence index (II). Second, we compare our indicator with the Conference Board survey of consumer confidence (CBIND) used by Otoo [1999] and Lemmon and Portniguina [2006] . Finally, we compare our composite indicator with that of the American Association of Individual Investors (AAII) used by Brown [1999] and Fisher and Statman [2003] 18 .
The results depicted in Table 5 show that almost all the coefficients estimates α 2 are not significant. Among the 28 coefficients estimates α 2 , there is only three significant coefficients.
Results indicate that the II index forecasts the size premium and the value premium and that AAII -18-indicator predicts only the size premium. We also observe that the two consumer sentiment index (UMI and CBIND) do not significantly impact the stock returns. These results diverge from those reported by Lemmon and Portniguina [2006] who report a significant negative relationship between the consumer sentiment index and the size premium in the following 3-month.
Moreover, we note the low correlation between the rational expectations from each sentiment indicator and the future stock returns. Indeed, only the rational component from both consumer sentiment indexes predicts the value premium.
•
The Composite Sentiment Index vs. indirect measures
We first compare the predictive power of our composite index with each indirect measure used in its construction, i.e.: the number of IPOs (NIPO), the average monthly first-day returns on IPOs (RIPO), the net new cash flows of US equity mutual funds (FLOW) and the closed-end funds discount (CEFD). We also compare our composite index with two indirect indicators commonly used in the literature: the ratio of odd-lot purchases to sales (ODDLOT) 19 and the
NYSE ARMS index (ARMS).
The sentiment indicator ODDLOT is employed by Neal and Wheatley [1998] . A ratio that is greater (less) than one indicates bullish (bearish) sentiment. The ARMS index is used by Simon and Wiggins III [2001] and Wang, Keswani and Taylor [2006] . This ratio represents the number of advancing issues scaled by the advancing volume, divided by the number of declining issues scaled by the declining volume. Richard Arms, who first introduced this ratio, argues that a ratio that is lower (higher) than one indicates that the market is overbought (oversold) and that this should be treated as a bullish (bearish) sign. Table 5 shows that with the exception of the ODDLOT ratio, the predictive power of indirect indicators is quite disappointing. The ODDLOT ratio has significant predictive abilities for returns on portfolios sorted by size, profitability and tangibility. When CEFD is used as a sentiment indicator, only the rational expectations component predicts the portfolio returns. This result is consistent with Swaminathan's [1996] argument to link the information in discounts to expectations of future earnings growth and expectations of future inflation.
• Table 5 show that the BC index forecasts portfolio returns better than the BW index. The BC index forecasts better the returns of portfolios ranked by age, tangibility and dividend policy. The results also show that the two composite indicators outperform the direct and the indirect individual measures in predicting future portfolio returns.
This result confirms that the integration of several proxies is a fruitful approach for measuring investor sentiment.
Finally, we perform an additional robustness test to evaluate the pertinence of the proxies selected to construct our composite sentiment index. We build a "new CSI" 21 that incorporates two additional proxies for sentiment, i.e. AAII and ARMS and re-estimate model (4). Finding 22 shows that the "new CSI" has lower predictive ability than the initial CSI. This result suggests that the greater predictive power of the CSI is probably due to its ability to capture more and better the variable sentiment 23 .
Overall, our composite indicator exhibits superior predictive power than those all other sentiment indicators habitually used in the literature. Indeed, none of direct, indirect and alternative composite sentiment indicators records predictive power as significant as those of our composite index. This result led us to believe that the superiority of our measure comes from the simultaneous effect of the combination of both direct and indirect indicators.
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Conclusion
Measuring investor sentiment and quantifying its effects on the stock market is at the center of academic research in behavioral finance. This study enriches the literature on the relationship between investor sentiment and stock returns. In particular, we split the raw sentiment indicator into a rational component related to economic fundamentals and a psychological component linked to investor sentiment. Using a panel of direct and indirect sentiment measures, we develop a new composite sentiment indicator and a new composite fundamental indicator. As a result, we investigate simultaneously the impact of economic fundamentals and the impact of investor sentiment on the stock returns. Our results show that the rational approach can be usefully completed by the behavioral approach.
Consistent with the traditional approach, we report a significantly relationship between the investors' rational expectations and the stock returns. Certain characteristics make companies more vulnerable to changes in the business cycle. In particular, we found that small stocks, value stocks, young stocks, unprofitable stocks and intangible stocks are less (more) vulnerable to the business cycle after periods characterized by good (bad) economic expectations.
Consistent with the behavioral approach, we find that investor sentiment impact stocks hard to value and difficult to arbitrage. After controlling for economic fundamentals and structural risks factors, we find that pricing error covariate significantly with the sentiment component. In particular, the stocks hard to value and difficult to arbitrage earn low (high) returns following periods when investor sentiment is high (low).
We also compare our composite sentiment index to each measure used in its construction and to several other popular measures routinely used in the literature. We report a dominance of our composite measure in forecasting stock returns. Our composite index provides a better measure of sentiment by condensing the state of mind of a very large sample of investors (consumer confidence index, investors intelligence index, closed-end fund discount, mutual funds flows, the average monthly first-day returns on IPOs and the number of IPOs). This result led us to believe that the superiority of our composite measure comes from the wealth of information exploited in its construction using both direct and indirect measures. NIPO represents the number of IPOs in a given month and RIPO denotes the average monthly first-day returns on IPOs. FLOW is the net new cash flows of US equity mutual funds and CEFD is the closed-end funds discount. IP is the growth in industrial production. INF is the inflation rate. ST is the term spread. DS is the default spread. CD, CND and CS are the growth in durable, nondurable, and services consumption, respectively. The sample period includes monthly data from June 1981 to December 2010. ***, **, * denote statistical significance at 1%, 5%, and 10%, respectively. (High) ,t is one-month holding period return for long-short portfolios based on characteristics j. Low is defined as a firm in the bottom three CRSP deciles and High is defined as a firm in the top three CRSP deciles. CSI t-1 and CFI t-1 are the lagged values of the composite sentiment index and the fundamental composite index respectively. RMRF ,t is the excess return on the CRSP value-weighted index for month t. The long-short portfolios are formed based on firm characteristics, i.e.: Size, Market-to book ratio, Age, Profitability, Tangibility, Dividend Policy and 1/Arbitrage costs. The sample period includes monthly data from July 1981 to December 2010. ∆ adj.R 2 shows the improvement of the adjusted R² after the addition of the sentiment indicator. The Newey-West adjusted t-statistics of the coefficient estimates are reported in the parentheses. ***, **, * denote statistical significance at 1%, 5%, and 10%, respectively. (High) ,t is one-month holding period return for long-short portfolios based on characteristics j. Low is defined as a firm in the bottom three CRSP deciles and High is defined as a firm in the top three CRSP deciles. CSI t-1 and CFI t-1 are the lagged of composite sentiment index and the fundamental composite index respectively. DIV is the dividend yield on the market; DS is the default spread and INT is the three-month treasury rate. RMRF ,t is the excess return on the CRSP value-weighted index for month t. SMB is the premium on a portfolio of small stocks relative to large stocks; HML is the premium on a portfolio of high book to market stocks relative to low book to market stocks and UMD is the premium on a portfolio of stocks with high past returns relative to stocks with low past returns. The long-short portfolios are formed based on firm characteristics, i.e.: Size, Market-to book ratio, Age, Profitability, Tangibility, Dividend Policy and 1/Arbitrage costs. The sample period includes monthly data from July 1981 to December 2010. ∆ adj.R 2 shows the improvement of the adjusted R² after the addition of the sentiment indicator. The Newey-West adjusted t-statistics of the coefficient estimates are reported in the parentheses. ***, **, * denote statistical significance at 1%, 5%, and 10%, respectively. This table reports the coefficients estimates (β2) and (α2) of Lemmon and Portniguina's model using an alternative sentiment indicator. UMI is the University of Michigan consumer confidence index. II is the Investors Intelligence spread Bull-Bear. NIPO represents the number of IPOs in a given month and RIPO denotes the average monthly first-day returns on IPOs. FLOW is the net new cash flows of US equity mutual funds. CEFD is the closed-end fund discount. AAII is the American Association of Individual Investors sentiment index. ODDLOT is the ratio of odd-lot purchases to sales. ARMS is the NYSE ARMS index. BC is the Brown and Cliff composite sentiment index and BW is the Baker and Wurgler composite sentiment index. The sample period includes monthly data from July 1981 to December 2010, except for AAII, ODDLOT and the two alternative composite indexes. AAII data are available for the period July 1987 to December 2010. ODDLOT and Brown and Cliff's data are available for the period July 1981 to December 1998. Baker and Wurgler's data are available for the period July 1981 to December 2007. The Newey-West adjusted t-statistics of the coefficient estimates are reported in the parentheses. ***, **, * denote statistical significance at 1%, 5%, and 10%, respectively. This figure shows the development of the composite sentiment index (CSI) and the composite fundamental index (CFI) over time. We regress each raw sentiment indicator on the growth in industrial production, the inflation, the term spread, the default spread and the growth in durable, nondurable, and services consumption. The fitted values of the regression capture the fundamental component and the residual capture the sentiment component. The composite (fundamental) sentiment index is constructed from a principal component analysis (first component) of six sentiment (fundamental) indicators identified in previous studies: the consumer confidence index, the investors intelligence index, the number of IPOs, the average monthly first-day returns on IPOs, the mutual funds flows and the closed-end fund discount. The sentiment proxies are standardized to have a mean of zero and a standard deviation of one.
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